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Abstract. Spatial variation in ﬁsh densities across river networks suggests that the inﬂuence of food and
habitat resources on assemblages varies greatly throughout watersheds. Conceptual models predict that
in situ primary production should vary with river characteristics, but the inﬂuence of autochthonous resource
availability on the capacity for river reaches to support ﬁsh is poorly understood. We estimated primary production throughout the South Fork and Middle Fork of the John Day River, Oregon, by measuring diel cycles
in dissolved oxygen (DO) during July 2013. Using these data, we (1) evaluated the extent to which juvenile
salmonid abundance and resource limitation correlated with areas of high gross primary production (GPP),
(2) developed models to predict GPP from both site-level measurements and remotely sensed data, and (3)
made predictions of GPP across the entirety of the Middle Fork John Day River (MFJD) network and assessed
the utility of these spatially continuous predictions for describing variation ﬁsh densities at broad scales. We
produced reliable estimates of GPP at sites where DO loggers were deployed using measurements of solar
exposure, water temperature, and conductivity measured at each site, as well as surrogates for these data estimated from remote sensing data sources. Estimates of GPP across ﬁsh sampling sites explained, on average,
58–63% of the variation in juvenile salmonid densities during the summer sampling period, and 51–83% during the fall sampling period, while continuous network predictions of GPP explained 44% of the variation in
ﬁsh densities across 29 km of the MFJD. Further, GPP explained nearly half of the variation in juvenile steelhead dietary resource limitation, as inferred from bioenergetics modeling results. These results comprise a
ﬁrst effort at quantifying variation in autochthonous production across an entire river network and, importantly, provide a much-needed food-web context for guiding more effective ﬁsh and habitat management.
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INTRODUCTION

1998, Dodson et al. 2000), secondary production
(Downing et al. 1990, Finlay 2011), and food-web
structure (Takimoto and Post 2013), vary predictably with increasing autochthonous production. Aquatic primary production, in turn, ranges
widely across scales due to variation in the availability/presence of nutrients and light (Mulholland

Primary production is a principle source of
energy for consumers and a dominant control on
the structure and function of ecosystems globally.
In freshwaters in particular, major ecosystem
properties, such as species richness (Guegan et al.
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into primary production for entire riverscapes
offers a powerful means to estimate ﬁsh production or carrying capacity at unprecedented scales
(e.g., McGarvey and Johnston 2011). More locally,
however, a spatially explicit and continuous view
of productivity can shape the where and what for
speciﬁc on-the-ground restoration actions, for
example, helping to distinguish sites that may be
good candidates for physical habitat restoration
(e.g., woody debris addition; Roni et al. 2014) vs.
nutrient addition (e.g., salmon carcass addition;
Collins et al. 2015).
While there are obvious beneﬁts to integrating
productivity considerations into watershed restoration and ﬁsheries management, lotic ﬁsh ecologists
have historically viewed habitat through a physical
rather than biotic (or combined) habitat lens
(Wurtsbaugh et al. 2015). This emphasis, which
contrasts with research traditions in standing
waters, is perhaps a result of three factors. First,
physical disturbance (e.g., ﬂoods, drought-related
low-ﬂow extremes) is a hallmark feature of
streams, and indeed inﬂuences ﬁsh populations
and communities, in some systems (Jensen and
Johnsen 1999, Sabo et al. 2010), to such an extent
that there may be little reason to consider biotic
habitat attributes, such as productivity. The second
reason is historical—an early emphasis on physical
factors in studies of stream ﬁsh–habitat relationships, spurred in part by policy needs (e.g., Minns
et al. 2011), may simply have narrowed the scope
of inquiry for the discipline in general (Graham
and Dayton 2002). A ﬁnal, practical reason is that
stream food webs are inherently complex, which
poses signiﬁcant challenges to efforts aimed at
assessing habitat productivity in a manner that is
meaningful to ﬁsh, tractable, and cost-effective. At
their base, for instance, stream food webs are
fueled by a mix of both in-stream and riparian primary production (e.g., Jardine et al. 2012). Once
basal energy pools are assimilated and available to
ﬁsh via secondary (invertebrate) production, the
strength of in-stream trophic pathways may be
diminished by terrestrial invertebrate subsidies
(e.g., Baxter et al. 2005). This complexity is further
compounded by a potentially high degree of spatiotemporal variability in energy ﬂow and foodweb structure in riverine systems (Woodward and
Hildrew 2002, Finlay and Kendall 2007, Kiffney
et al. 2014). In sum, reliably estimating habitat productivity is a difﬁcult and costly task.

et al. 2001) or the strength of cascading trophic
interactions (Strong 1992, Borer et al. 2005),
among other factors. Given its inﬂuential role,
understanding how primary production, and its
association with aquatic biota, varies across space
is fundamental to contemporary ecosystem theory
and effective watershed management (Woodward
and Hildrew 2002, Barquın et al. 2015).
Existing work provides a basis for describing
spatial variability in productivity in relative
terms, particularly for streams. The seminal river
continuum concept (Vannote et al. 1980), for
example, posits that aquatic primary production
forms the dominant energy base in mid-sized
streams, relative to smaller headwater streams or
larger lowland rivers in which allochthonous
resources prevail. Although these predictions
have some empirical support (Finlay 2011, but see
Winterbourn et al. 1981), riverscape-scale models
of food-web structure and ecosystem function
remain largely conceptual and provide little
insight into productivity in speciﬁc numerical
terms, despite the fact that well-developed tools
exist for quantifying aquatic production and
ecosystem metabolism at local scales (e.g.,
Demars et al. 2015). This is in stark contrast to the
state of knowledge for terrestrial ecosystems, for
which a wealth of data on primary production
exists and supports a variety of biological assessments at different spatial and temporal scales (see
ımov
S
a and Storch 2017 for a recent review).
Despite gaps in knowledge, there is a pressing
need for accurate estimates of aquatic production
both at local scales and for entire stream networks, particularly within a river-restoration context. Firstly, restoration practitioners increasingly
recognize that the success or failure of particular
management strategies can depend on how
system changes interact with or are mediated by
the structure and function of biological communities (e.g., Power et al. 1996, Bellmore et al. 2017).
Accordingly, Naiman et al. (2012) provide a
recent and compelling argument in favor for pursuing river restoration with an explicit ‘food-web
perspective’ in mind. Secondly, efforts to recover
endangered ﬁsh (e.g., Paciﬁc salmon, Oncorhynchus sp., in the U.S. Paciﬁc Northwest) rely
heavily on assumptions about the capacity of particular habitats to support ﬁsh (e.g., Wheaton
et al. 2018), often with little data on the inherent
productivity of habitats. Thus, quantitative insight
❖ www.esajournals.org
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Nonetheless, ﬁsh-habitat restoration efforts are
likely to be more effective if productivity considerations are factored into the planning and
design process, as different strategies will be prescribed under an assumption of biotic vs. abiotic
habitat limitation (Rosenfeld 2003). Yet, strategies
for recovering populations of threatened or
endangered Paciﬁc salmon in the Columbia
River Basin, where a large-scale and costly habitat-restoration program is currently underway,
are formulated largely without a food-web or
productivity context (Naiman et al. 2012). To
address this deﬁciency, here we present an
approach that allows for the accurate and
cost-effective estimation of stream-habitat productivity at both local and network scales. More
speciﬁcally, our goal was to develop a tool for
making spatially explicit predictions of habitat
productivity that could be used to inform habitat
recovery efforts and limiting factor analyses
centered around two anadromous salmonids of
concern (steelhead/rainbow trout, Oncorhynchus
mykiss; and Chinook salmon, Oncorhynchus tshawytscha) in two tributaries to the John Day River
Basin, Oregon: the Middle Fork John Day River
(MFJD) and Murderers Creek. The speciﬁc objectives of our study were fourfold: (1) to quantify
spatial variation in gross primary productivity
(GPP) across the MFJD and Murderers Creek
watersheds; (2) to evaluate relationships between
GPP and three physicochemical predictors (i.e.,
light, temperature, and conductivity) that were
measured in situ but that can also be acquired
for any point in the river network from existing
geospatial data sets; (3) to link spatial patterns in
primary production to the distribution and abundance of O. mykiss and Chinook salmon; and (4)
to make continuous, spatially explicit predictions
of GPP for the MFJD and Murderers Creek
stream networks. In doing this work, we focused
exclusively on the MFJD and Murderers Creek
watersheds, but we provide a framework that
can be readily adapted to any watershed.

multiple regression approach and readily available data on solar exposure, water temperature,
and water chemistry from either habitat monitoring programs or remotely sensed data source.
Subsequently, we leveraged data on salmonid
densities from the Integrated Status and Effectiveness Project (ISEMP) to determine the extent to
which juvenile salmonids were associated with
primary production at the reach scale (i.e., measured GPP) and network scale (i.e., predicted
GPP). We identiﬁed 24 sites in two semi-arid
watersheds in the John Day River Basin, Oregon,
USA, wherein we collected data on diel oxygen
concentrations, ﬁsh populations, and aquatic and
riparian habitats (Fig. 1). The MFJD and Murderers Creek watersheds are both monitored annually under ISEMP and the Columbia Habitat
Monitoring Program (CHaMP) to assess ﬁsh
populations and aquatic habitat conditions
(Bouwes et al. 2011, CHaMP 2013). These programs provide detailed information on the abundance and growth of anadromous and resident
O. mykiss and juvenile Chinook salmon, as well
as physicochemical conditions (e.g., water temperature, alkalinity, and conductivity), riparian
structure, and channel structure. To leverage these
existing data sets, we selected study sites to estimate primary production and investigate relationships between primary production and ﬁsh
populations from those previously sampled by
CHaMP and ISEMP. To maximize contrast and
independence among sites, we further constrained site selection within this frame to ensure
a range of geomorphic reach types (based on the
River Styles classiﬁcation; Brierley and Fryirs
2005, O’Brien et al. 2017) and land use, channel
width, and vegetation cover conditions were
reﬂected in our study.
Study sites were selected in the MFJD (n = 16)
and Murderers Creek (n = 8) watersheds. Our
MFJD sites were located in the MFJD Intensively
Monitored Watershed (IMW; Bennett et al. 2016),
a sub-basin of the MFJD in which salmonid populations and aquatic habitats have been intensively
sampled as part of the Integrated Status and
Effectiveness Monitoring Program (Bennett et al.
2016, Wheaton et al. 2018). The MFJD IMW
constitutes an 827-km2 watershed, ranging in elevation from ~1050 m to 1900 m. Riparian vegetation in the MFJD watershed takes two
predominate forms. Where channel gradient is

METHODS
Study area
To describe watershed-scale variation in GPP
and evaluate its importance to juvenile salmonids,
we ﬁrst evaluated the feasibility of predicting
GPP at the reach and network scales using a
❖ www.esajournals.org
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Fig. 1. Map of study area with sites where primary production, ﬁsh, and habitat were sampled shown as white
circles.

low (~1.0–1.5%), vegetation is dominated herbaceous vegetation with patchy willow (Salix spp.),
redosier dogwood (Cornus sericea), and alder
(Alnus spp.). Where channel gradients exceed
2.0%, vegetation is dominated by mature ponderosa pine (Pinus ponderosa), lodgepole pine
(Pinus contorta), Douglas ﬁr (Pseudotsuga menziesii), or western larch (Larix occidentalis), and
channel margins are more continuously vegetated with shrub species. Murderers Creek is a
tributary to the South Fork John Day River
(SFJD), draining a watershed area approximately
344 km2 that ranges in elevation from ~890 m to
❖ www.esajournals.org

1790 m. Vegetation on Murderers Creek is dominated by ponderosa pine in high-elevation
reaches, while low-elevation sections of the creek
ﬂow through open valleys vegetated with herbaceous vegetation with a narrow corridor or of
shrub species along stream banks.
Middle Fork John Day River and Murderers
Creek provide habitat for an evolutionarily signiﬁcant unit of O. mykiss, listed as threatened under
the U.S. Endangered Species Act (ESA), and one
of the last robust wild populations of spring Chinook salmon in the Columbia River Basin (Carmichael et al. 2001). In addition to the previously
4
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mentioned salmonid species, longnose dace (Rhinichthys cataractae), redside shiner (Richardsonius
balteatus), longnose sucker (Catostomus catostomus),
mountain whiteﬁsh (Prosopium williamsoni), and
sculpin (Cottus spp.) are present throughout various portions of the study area. For more detailed
information on the study area and ﬁsh populations present, see McMillan et al. (2012), Tattam
et al. (2013), and Weber et al. (2014).
Stream food webs supporting salmonid populations are fueled by both autochthonous (primary production) and allochthonous (detritus
and invertebrate inputs) energy sources (Vannote
et al. 1980, Wipﬂi and Baxter 2010). Therefore,
for GPP to inﬂuence salmonid populations, secondary production of aquatic invertebrates using
this resource would need to be present in sufﬁcient densities to represent a reliable prey
resource for salmonids. Previous studies within
the John Day watershed established that detritivorous and grazing macroinvertebrates were
abundant throughout the watershed (Li et al.
1994, Tait et al. 1994). Further, Tait et al. (1994)
demonstrated signiﬁcant relationships between
solar exposure and riparian vegetation, and densities of aquatic invertebrates. Here, we selected
study reaches across a range of riparian vegetation communities that would support secondary
production derived from aquatic and detrital
pathways and having average July and August
water temperatures that support salmonid populations (12–22°C; Appendix S1).

several days (ﬁve in MFJD, eight in Murderers
Creek) to ensure that diel DO proﬁles were
recorded for at least two days with consistent,
optimal production conditions (i.e., minimal
cloud cover; initially assessed optically by W.C.
Saunders; veriﬁed with solar radiation data; data
not provided). Between consecutive deployments
and following deployment at Murderers Creek,
we submerged all loggers in a 5-gallon bucket
with constant aeration for 16 h to verify consistency among loggers and accuracy of measurements under conditions that approach 100%
oxygen saturation.
We used data from miniDOT loggers to calculate diel change in DO concentration and subsequently used a modiﬁed version of the daytime
regression method to estimate primary production (Grace and Imberger 2006, Atkinson et al.
2008, Grace et al. 2015). We used the BAyesian
Single-station Estimation program (BASE; Grace
et al. 2015) to simultaneously estimate primary
production, stream respiration, and reaeration for
each 10-min period during which DO was measured in the ﬁeld. Gross primary production was
modeled as a function of solar input (I, measured
model input; notation follows Grace et al. 2015),
the ability of primary producers to use incident
light (p), and a light use efﬁciency factor (A).
Stream respiration (R) was corrected for water
temperature (T, measured model input) using a
temperature-dependence factor (h). Reaeration (K)
was also temperature-corrected and depended on
the deﬁcit or surplus of DO (D, calculated as the
difference between measured O2 concentration
and O2 concentration at 100% saturation, derived
from ﬁeld measurements). Thus, unlike other
open-channel metabolism approaches requiring
ﬁeld methods for estimating K, reaeration is a
computational solution in BASE. Dissolved oxygen concentrations at 100% saturation were corrected for water salinity (measured once at each
site) and barometric pressure. The BASE program
uses a Markov chain Monte Carlo (MCMC)
method (chain length = 10,000 iterations, burnin = 1000 iterations used here) to estimate values
for the model parameters p, A, R, h, and K (i.e.,
those not measured in the ﬁeld; see Grace et al.
2015). For subsequent statistical analysis, we averaged estimates of GPP from daily models ﬁt with
the BASE program for which the r2 > 0.7 and posterior predictive check (PPC) fell between 0.1 and

Field measurements
Primary production.—We measured primary
production using a single-station, open-channel
method (Grace and Imberger 2006). In each
watershed, we recorded dissolved O2 (DO) and
water temperature continuously at 10-min intervals using miniDOT loggers (Precision Measurement Engineering, Vista, California, USA).
Sampling in the MFJD was conducted during 29
June–8 July 2013, and sampling in Murderers
Creek was conducted during 10–18 July 2013. In
the MFJD, where we were unable to concurrently
measure DO and water temperature owing to
logger availability, we deployed miniDOT loggers randomly at eight of the 16 previously
selected sites during one of two consecutive 5-d
periods. Loggers were deployed at all sites for
❖ www.esajournals.org
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attributes at each of its monitoring sites. We provide a brief description of the methods used to
measure site attributes used in this study here.
However, Bouwes et al. (2011) provide in-depth
details for all sampling protocols. Site visits conducted by the CHaMP program occurred during
July–August, but were not conducted in conjunction with DO sampling (within 3–4 weeks after
DO sampling). Solar access, used to correct for
site-speciﬁc topographic and vegetation shading
(see Primary production), was measured at each
site using a Solmetric SunEye by capturing
images of the portion of the sky with solar exposure at 11 locations spaced evenly throughout the
study site. We calculated the average solar access
for each site as the mean of each individual estimate of solar access for the period of May–October. Site-speciﬁc solar access data for the Big
Boulder Creek sampling site were not available,
so we used estimates of solar access from a
CHaMP site located on a nearby tributary, Camp
Creek. For estimation of GPP from DO data, we
used water temperature measurements provided
by the miniDOT loggers. However, to predict
GPP from individual site characteristics (see Statistical analysis), we calculated mean July water
temperatures from hourly water temperature
measurements recorded by TidbiT temperature
loggers deployed at each site (Onset Computer
Corporation, Bourne, Massachusetts, USA). Water
conductivity (EC400; Extech Instruments Corporation) and alkalinity (Alkalinity Test Kit; LaMotte
Company, Chestertown, Maryland, USA) were
measured by the CHaMP program 100–300 m
above the location of the logger deployment.
Fish populations.—To evaluate the relationships
between GPP and juvenile O. mykiss and Chinook populations (hereafter referred to as salmonid populations) in the MFJD and Murderers
Creek watersheds, we used two independent
data sets on ﬁsh abundance (mark–recapture and
snorkeling), ﬁsh consumption, and distribution
collected during the summer 2013. First, at individual sample sites we used mark–recapture
data on individual ﬁsh collected by the ISEMP
program during summer (July) and fall (October)
2013. Densities (ﬁsh/m) of O. mykiss and juvenile
Chinook salmon and growth rates of O. mykiss
>60 mm total length (TL) were determined by
implanting individuals with passive integrated
transponder tags (PIT tags), and conducting a

0.9, to ensure a high correlation between measured and modeled DO data as well as overall
model ﬁt (Kery 2010). We converted estimates of
GPP from the BASE program (g O2L 1d 1) to
aerial rates (g O2m 2d 1) based on the mean
water depth calculated from a stream cross section located at the location of the miniDOT logger
deployment.
Solar radiation (watt/m2) was measured at 10min intervals at two permanent weather stations
(CS300-L Pyranometer; Campbell Scientiﬁc,
Logan, Utah, USA) located along the MFJD and
used as an index of light intensity. Weather stations were located in wide valleys with an unobstructed view of the sky. To account for
vegetation and topographic shading at individual sites, we calculated site-speciﬁc solar radiation data by discounting all solar radiation
measurements, collected at 10-min intervals at
the nearest weather station, by the average solar
access, measured within sites using a SunEye 110
(Solmetric Corporation, Sebastopol, California,
USA). We veriﬁed that solar radiation data collected in the MFJD were appropriate for use in
Murderers Creek by comparing hourly measurements of solar radiation collected in the Murderers Creek watershed on 15 July 2013 during
0430–2030 h (510 Solar Irradiance Meter; Test
Products International, Beaverton, Oregon,
USA). The use of centralized solar radiation measurements likely proved sufﬁcient (based on
minimum model ﬁt criteria) owing to the standardization of when DO data were collected,
relative proximity (65 km), and similarity in
elevation and aspect of the two watersheds studied (Fig. 1). Barometric pressure was measured
concurrently with solar radiation at each of the
two permanently established weather stations
(Vaisala Weather Transmitter WXT520; Campbell
Scientiﬁc). We veriﬁed the accuracy of barometric
pressure measurements recorded in the MFJD
watershed for use in the Murderers Creek watershed using a Brunton ADC Pro meter (Brunton,
Louisville, Colorado, USA) and following the
same procedure used to validate solar radiation.
Water salinity was measured at each site at the
time of miniDOT logger deployment (EC400;
Extech Instruments Corporation, Nashua, New
Hampshire, USA).
Physical measurements.—The CHaMP program
measures a wide array of physical and chemical
❖ www.esajournals.org
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limitation were estimated from observed individual growth rates at 15 sites.
To test whether network predictions of GPP (see
Network prediction of GPP) were associated with
ﬁsh densities, we used spatially extensive snorkel
data collected by Blanchard (2015). For more
details on survey protocols, see O’Neal (2007) and
Blanchard (2015). Snorkel-based estimates of ﬁsh
densities were conducted during July–August
2013 at or close to base ﬂow conditions. Snorkel
estimates of salmonid densities were calibrated at
12 CHaMP sites that were concurrently sampled
with electroﬁshing gear, and densities estimated
with mark–recapture sampling. Snorkeling was
conducted in 51 locations, consisting of 2–6 consecutive 100- to 300-m reaches, throughout the
MFJD and all major salmonid-bearing tributaries
in the study area (total survey area, 30.74 km). Salmonid densities were estimated for each reach
and, for subsequent analysis purposes, averaged
within prediction segments associated with our
network GPP model (see GPP–Fish relationships).
Preliminary screening of data revealed outliers
in both our abundance and growth data sets that
warranted censoring some observations from
further analysis. First, extreme temperatures
(>25°C) in the mainstem MFJD caused a 10-fold
increase in juvenile Chinook between 29 June
and 3 July 2013 in the lower reaches of Vinegar
and Granite Boulder creeks (Blanchard 2015),
which likely provide thermal refugia (e.g., Bilby
1984, Sutton and Soto 2012). Additionally, we
excluded growth estimates from one mainstem
site in the MFJD owing to a limited number of
recaptured ﬁsh and their small size.

two-pass Lincoln-Peterson mark–recapture estimate of abundance, modiﬁed by Chapman
(1951), during the summer and fall sampling
periods. Fish densities were standardized by the
length of the survey reach, as juvenile salmonids
are strongly associated with bank-attached features (e.g., under cut banks, woody debris,
streamside vegetation, gravel bars; see Cramer
and Ackerman 2009a, b). Additionally, we evaluated both continuous (site width) and categorical
(tributary vs. mainstem) stream size variables in
our analysis of ﬁsh density (see Statistical analysis) to account for any width-related inﬂuence on
local abundance. Summer growth of O. mykiss
was determined by the change in mass for ﬁsh
captured in the same reach during July and October sampling (n = 273 individuals). Using these
data and a bioenergetics modeling approach
(e.g., Hansen et al. 1993, Hartman and Kitchell
2008), we estimated the degree of resource limitation experienced by O. mykiss at sites of varying productivity. More speciﬁcally, we inferred
limitation using model estimates of the proportion of the theoretical maximum consumption
value (Pval; ranging from 0 to 1) consumed by
ﬁsh. We estimated Pval for individual ﬁsh recaptured at sites in the MFJD and Murderers Creek
watersheds by scaling theoretical estimates of
maximum consumption (a function of ﬁsh size
and water temperature; see Hansen et al. 1993)
to empirically derived consumption rates consistent with observed growth rates, temperature,
and diet during the study period. We ran bioenergetics models using observed data on site-speciﬁc water temperature, diet data from Weber
et al. (2014), and bioenergetic parameters from
the literature (From and Rasmussen 1984, Rand
et al. 1993, Myrick 1998, Van Winkle et al. 1998).
Pval provides a normalized measure of ﬁsh consumption that integrates across the entire energy
budget of a ﬁsh normalized across size and temperature, and thus provides a relative measure of
ﬁsh performance that is comparable among populations or streams. This approach has recently
been used to evaluate the importance of prey
availability and environmental factors on salmonid performance at regional (e.g., Weber et al.
2014) and global scales (e.g., Budy et al. 2013).
Data on salmonid densities (ﬁsh/m) were available for 19 sites during summer 2013 and 16 sites
during fall 2013, while data on resource
❖ www.esajournals.org

Statistical analysis
We evaluated the potential to predict GPP at
monitoring sites as a function of (1) in situ measurements and (2) globally available (GIS) analogs
of site-level measurements, with the ultimate goal
of predicting GPP continuously throughout a
stream network as a means of describing spatial
variability in potential food resources available to
juvenile salmonids. Subsequently, we used a linear
modeling approach to evaluate the importance of
GPP in describing spatial variation in salmonid
densities and growth in the MFJD and Murderers
Creek at sites where DO was measured for estimating GPP. Finally, we determined whether continuous predictions of GPP throughout the MFJD
7
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information criterion corrected for small sample
size (AICc; Burnham and Anderson 2002), among
a set of 11 candidates which ranged in complexity
from single- to three-predictor models. We validated our top-performing model using a jackknifing procedure (Dixon 1993) wherein we iteratively
removed individual sites from the data set, reﬁt
models to the remainder, and predicted GPP for
the withheld site. We assessed the validity of our
site-scale predictive model for GPP by quantifying
the correlation between the mean jackknifed GPP
predictions and mean daily GPP estimates from
DO logger data. We validated that the assumptions of multiple regression were met by visually
inspecting residual plots to assess linearity and
homoscedasticity, and normal quantile plots to
assess normality.
Network prediction of GPP.—We constructed a
model to predict GPP continuously across the
network and evaluated how well predictions
from this model correlated with ﬁsh densities
throughout the O. mykiss-bearing portion of the
MFJD watershed. We used multiple linear regression to model observed GPP as a function of
accumulated solar radiation, mean July water
temperature, and conductivity (base on site-scale
model selection results; see Results). In contrast
to site-scale models, which used ﬁeld measurements, independent variables were calculated
using remotely sensed (GIS) data sources so that
we could predict GPP continuously throughout
the river network.
To account for reductions in solar radiation
resulting from topographic and near-stream vegetative shading, we created a hybrid elevation
model based on a 10-m digital elevation model
(DEM; USDA NRCS Geospatial Data Gateway
[https://datagateway.nrcs.usda.gov]) and vegetation height data (2011 Existing Vegetation Height
[EVH]; LANDFIRE land cover data [https://
www.landfire.gov]). We converted LANDFIRE
EVH data (30 m resolution) to a 10-m DEM
wherein elevation values within 10 m of MFJD
streamlines were set equal to 0 m (i.e., to represent solar access in open channels). We merged
these data with the bare earth DEM to form a
ﬁnal DEM from which to estimate total accumulated solar radiation (positive integer). Solar radiation accumulated during the period 1 July–31
August was calculated at points spaced 250 m
apart along the MFJD stream network following

River network were associated with salmonid
densities.
Site-speciﬁc prediction of GPP.—We used multiple linear regression to examine abiotic factors
controlling GPP across sample sites in the two
study watersheds and develop a predictive model
for GPP at speciﬁc monitoring sites. Although the
factors controlling GPP are complex, and potentially synergistic (e.g., Beaulieu et al. 2013), much
of the research to date points to light availability
(e.g., Mulholland et al. 2001, Roberts et al. 2007),
temperature (e.g., Demars et al. 2011, Grifﬁths
et al. 2013), and nutrient availability (e.g., Lamberti and Steinman 1997, Bernot et al. 2010) being
among the primary drivers of potential GPP in
lotic systems. Our goal was to determine whether
we could predict GPP at sites where DO loggers
were deployed using proxies for these three controlling factors that can be easily measured as
part of a ﬁsh or aquatic habitat monitoring program (e.g., CHaMP). As part of its annual monitoring, CHaMP collects data on two proxies for
stream nutrients (i.e., alkalinity and conductivity;
Biggs and Price 1987, Jacoby et al. 1991). We constructed independent models to predict GPP at
monitoring sites using each of these nutrient
proxies, as well as the average summer solar
exposure (SunEye data, measured as a percentage) and the average water temperature during
DO logger deployment. A primary assumption of
multiple regression is that measurements are
independent, which spatial data often violate. We
accounted for spatial patterns in the independent
variable by incorporating predictor variables that
might drive ﬂow-connected (temperature and
nutrients) and landscape-based (solar radiation)
spatial autocorrelation in GPP. While it may be
possible to build predictive network models
based on autocorrelation structures (e.g., SSN
models; Isaak et al. 2014), which inherently address non-independence, such models are dataintensive, beyond the capabilities of our sample
size and spatial coverage of observations, and
na€ıve of mechanisms driving spatial covariance.
By including spatially varying predictors that
inﬂuence GPP, our approach inherently addresses
autocorrelation issues, and arguably offers more
mechanistic approach.
We based inferences about the ability to
make site-speciﬁc predictions of GPP based on the
top-performing model, selected using Akaike’s
❖ www.esajournals.org
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tributary and mainstem reaches, also a proxy for
size) or bankfull channel width (continuous variable) as potential independent variables. We designated sites as either tributary or mainstem sites
since (1) use of tributary habitat by juvenile Chinook is typically lower than that of mainstem
habitat (Quinn 2011), (2) these river reaches provide greater surface area per unit length than
tributary reaches, and (3) we hypothesized that
GPP would play a greater role in inﬂuencing salmonid densities in mainstem sites owing to
reduced riparian vegetation. Designation of sites
in the headwaters of both the MFJD and Murderers Creek as either mainstem or tributary habitat
was based on the average bankfull width (<5 m
is tributary; mainstem otherwise). This cutoff
was based on the average bankfull width of
tributaries in the MFJD watershed. We included
bankfull channel width as an independent variable since both GPP (independent variable) and
salmonid density (response variable) were
expected to be inﬂuenced by channel size, and
we sought to determine whether GPP was a better predictor of ﬁsh densities than channel width
alone. We determined the ability of models to
explain variation in salmonid density based on
coefﬁcients of determination (r2) and AICc. We
evaluated the signiﬁcance of independent variables by determining the sum of the AICc model
weights for all models incorporating parameters
for speciﬁc variables (cumulative wi). Lastly, to
investigate relationships over a broader spatial
extent and range of GPP and ﬁsh abundance conditions, we evaluated the relationship between
estimates of GPP derived from our network
model and snorkeling estimates of ﬁsh density
using linear regression.

the procedure outlined by Rich et al. (1994) and
Fu and Rich (2002), using the Solar Radiation
toolbar in ArcGIS 10.1 (ESRI 2012). Data were
log-transformed for analysis.
We calculated mean July water temperature
for river segments as the average of daily mean
water temperature (DMWT) for July modeled for
the John Day River by McNyset et al. (2015).
McNyset et al. (2015) predicted DMWT as a function of land surface temperature, measured by
the U.S. National Aeronautics and Space Administration’s (NASA) Moderate Resolution Imaging
Spectroradiometer (MODIS) satellites. We predicted mean July water temperatures for every
conﬂuence-to-conﬂuence stream reach. We used
Olson and Hawkins’ (2012) random forest model
to predict conductivity as a function of geologic,
climatic, soil, topographic, atmospheric deposition, and groundwater variables. We estimated
conductivity at points spaced 500 m apart along
the stream network. We merged data for all independent variables in both the MFJD and Murderers Creek watersheds onto a single stream layer
that we segmented into 1-km reaches. For solar
radiation and conductivity, which we estimated
at a ﬁner spatial resolution, we averaged all
available data to produce a single estimate for
each independent variable for each 1-km river
segment.
We validated the network-scale GPP model
using the jackkniﬁng procedure described above,
only this time by quantifying the correlation
between the mean GPP values for 1-km prediction segments and the mean DO logger-based
GPP estimates for the corresponding segment.
Residual and normal quantile plots were visually
assessed to determine whether multiple regression assumptions were met. Following validation, we predicted GPP for the O. mykiss-bearing
portion of the MFJD using parameter estimates
derived from ﬁtting the multiple regression
model to the entire data set of DO logger data.
GPP–Fish relationships.—We used multiple linear regression to evaluate factors inﬂuencing salmonid densities (combined density of O. mykiss
and juvenile Chinook, ﬁsh/m) measured when
oxygen was sampled (summer) and during the
fall, independently. To account for the potential
inﬂuence of channel width on ﬁsh densities, we
constructed linear models including GPP, and
site location (categorical variable representing
❖ www.esajournals.org

RESULTS
Throughout the MFJD and Murderers Creek
basins, estimates of GPP ranged from 0.007 to
3.639 g O2m 2d 1 (Appendix S1), a nearly 400fold difference between our most and least productive sites. On average, estimates of GPP were
similar in the MFJD (mean = 1.045 g O2m 2d 1,
SE = 0.323) and Murderers Creek (mean =
0.779 g O2m 2d 1, SE = 0.191; t = 0.56, P = 0.6).
Estimates of GPP were about sixfold greater
at mainstem sites (mean = 1.839 g O2m 2
d 1, SE = 0.321) than at tributary sites
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(mean = 0.253 g O2m 2d 1, SE = 0.083; t = 5.54,
P < 0.001). On average, GPP increased by 0.211 g
O2m 2d 1 with each 1-m increase in bankfull
width (t = 5.65, P < 0.001). At these sites, mean
July water temperature ranged from 11.9 to
21.5°C (mean = 16.7, SE = 2.6), solar access ranged from 48% to 99% (mean = 68.6, SE = 14.0),
conductivity ranged from 49 to 390 lS
(mean = 183, SE = 106), and alkalinity ranged
from 44 to 332 ppm (mean = 127, SE = 80.0). We
observed ﬁsh densities ranging from 0.01 to 3.26
ﬁsh/m during the spring sample period and 0.28
to 3.47 ﬁsh/m during the fall.

(cumulative wi = 0.22). However, given the small
distinction between the three top models, our data
indicate that both nutrient surrogates were of
minor importance for predicting GPP across the
MFJD and Murderers Creek. We ultimately used
the top-ranked model for predictive purposes, in
which mean daily GPP was positively associated
with solar access (slope = 0.0387; SE = 0.0135)
and mean July water temperature (slope = 0.135;
SE = 0.073) and weakly associated with conductivity (slope = 0.0016; SE = 0.001). Linear
regression between ﬁeld measurements of and
jackknifed GPP predictions indicated that there
was a strong correlation between observed GPP
and modeled GPP values (r2 = 0.53; Fig. 2A),
with an RMSE = 0.716. However, predicted values of GPP tended to be lower than observations
at sites where measured GPP was highest
(Fig. 2A).

Predicting GPP from site measurements
Physicochemical variables explained a signiﬁcant portion of variation in mean daily GPP across
sites, and when combined in a predictive model
performed well for the two basins. Among the 11
candidate models considered, the top model for
predicting GPP included site-level measurements
of temperature, solar exposure, and conductivity
(Table 1). However, this model ranked similarly
to a reduced model with only solar access and
water temperature (DAICc = 0.75) and one with
solar access, water temperature, and alkalinity
(DAICc = 1.64). Overall, the most important
variables, among those included in the analysis,
in describing differences in GPP measurements
were solar access (cumulative wi = 0.95) and
mean July water temperature (cumulative wi =
0.75). Between the two proxies for nutrient
availability, conductivity (cumulative wi = 0.48)
was a more important variable than alkalinity

Predicting GPP from globally available variables
Using remotely sensed estimates of solar radiation, July water temperature, and conductivity, we
ﬁt a multiple regression model, analogous to the
top site-level model, to predict mean daily GPP
throughout the entire O. mykiss-bearing portion of
the MFJD stream network; it explained 45% of the
variation in the observed GPP values (P = 0.001;
Fig. 2B). Similar to the site-level model, GPP
values were positively correlated with July water
temperature (slope = 0.322, SE = 0.075) and logtransformed
solar
radiation
(slope = 0.59,
SE = 0.353) and only weakly inﬂuenced by conductivity (slope = 0.0007, SE = 0.002). However,

Table 1. Model selection results for the 11 models evaluated to predict mean daily gross primary production
with independent variables measured at monitoring sites during 2013.
Model
Solar access + temperature + conductivity
Solar access + temperature
Solar access + temperature + alkalinity
Solar access + conductivity
Solar access + alkalinity
Solar access
Temperature
Temperature + conductivity
Temperature + alkalinity
Alkalinity
Conductivity

2 LogL

AICc

DAICc

wi

39.48
43.19
41.13
44.23
45.98
48.67
50.14
48.75
48.85
63.89
65.2

49.7
50.45
51.34
51.49
53.24
53.27
54.73
56.01
56.11
68.49
69.79

0
0.75
1.64
1.79
3.54
3.57
5.03
6.31
6.41
18.79
20.09

0.329
0.226
0.145
0.134
0.056
0.055
0.027
0.014
0.013
0
0

Note: The 2 log-likelihood ( 2 LogL), Akaike’s information criterion adjusted for small sample size (AICc), difference in
AICc (DAICc), and Akaike weights (wi) are shown for each model.
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(slope = 0.836, r2 = 0.43, RMSE = 0.788). In its network-scale application, this model produced predictions that ranged from 0.67 to 2.61 g O2
m 2d 1 across the MFJD (Fig. 3).
Because GPP predictors were themselves modeled variables, we evaluated the goodness of ﬁt of
the network models for each of the three independent predictors. Overall, models used to predict
temperature, solar radiation, and conductivity
across the MFJD and Murderers Creek networks
performed reasonably well. Prediction from network model used to predict stream temperature,
which was calibrated using temperature logger
data in both watersheds, accounted for the majority of the variation in reach-scale measurements
(r2 = 0.73, P < 0.001). Predictions of solar radiation (r2 = 0.43, P < 0.001) and conductivity (r2 =
0.31, P = 0.005), which lack watershed-scale
calibration, explained a smaller but still signiﬁcant proportion of the variation in reach-scale
measurements.

GPP–Fish relationships
Salmonid densities and the degree of resource
limitation of O. mykiss were signiﬁcantly positively
correlated with GPP measured at monitoring sites
across the MFJD and Murderers Creek basins. The
top model for describing variation in salmonid
density at monitored sites during both summer
and fall ﬁsh sampling periods included parameters
for average daily GPP and tributary/mainstem
designation. The average daily GPP was signiﬁcantly correlated with the total density of salmonids (ﬁsh/m) estimated during both summer and
fall sampling periods (Fig. 4). However, associations between mean daily GPP and juvenile salmonid densities were stronger for mainstem sites,
during both summer (tsummer = 3.82, Psummer =
0.007, r2summer = 0.63) and fall (tfall = 5.46, Pfall =
0.003, r2fall = 0.83) sampling periods, than for
tributary sites (tsummer = 3.24, Psummer = 0.02,
r2summer = 0.58; tfall = 2.68, Pfall = 0.04, r2fall = 0.51).
Models that included the categorical tributary/
mainstem variable ranked higher than models that
included bankfull width as a continuous variable
to account for stream size (DAICc = 8.3). The top
model for salmonid density during the summer
sampling period included an interaction between tributary/mainstem designation and GPP
(DAICc = 2.1), while the top model for the fall
sampling period included an additive effect of site

Fig. 2. Linear regressions of mean daily gross primary production (GPP) observed at monitoring sites
against mean GPP predicted after jackkniﬁng the topperforming model predicting GPP based on solar access,
water temperature, and conductivity, using site-level
measurements of predictors (A) or predictors from
remotely sensed data sets (B). Dotted lines show 1:1 line.

removing conductivity parameter from the
network model resulted in a DAICc = 0.2, indicating relatively high support for both models, so
we retained this variable for making GPP predictions across the river network to maintain consistency with the site-level model. Results from
jackknife validation revealed that the network prediction model performed nearly as well as the
model using site-based independent variables
❖ www.esajournals.org
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Fig. 3. Map of the MFJD Basin showing gross primary production (GPP) predicted using proxies of solar
access, water temperature, and conductivity derived from remotely sensed data. Channel widths indicate the
magnitude of predicted GPP. Stream reaches highlighted in light gray denote areas surveyed by snorkeling to
estimate salmonid densities.

designation and GPP (DAICc = 2.0; Fig. 4). Estimates of Pval for of O. mykiss during summer
were also positively correlated with average daily
GPP (t = 3.42, P = 0.005, r2 = 0.45; Fig. 5).
Predictions of GPP using our network prediction model explained 44% of the variation in
snorkeling estimates of ﬁsh densities conducted
throughout 29.24 km of the MFJD (Fig. 6). Further, network predictions of GPP explained more
variation in ﬁsh densities than temperature alone
and the GPP model was more strongly supported (DAICc = 5.2).

McTammany et al. 2007, Grifﬁths et al. 2013).
Furthermore, across the two watersheds GPP
was strongly correlated with both density and
consumption rates of juvenile salmonids. Our
study represents one of the more extensive surveys to evaluate within-watershed spatial variation in GPP (n = 24; see Marcarelli et al. 2011)
and is unique in that a primary goal was to evaluate linkages between rates of GPP and densities
of juvenile salmonids in riverine ecosystems
(Wurtsbaugh et al. 2015). We demonstrate that
relatively simple models constructed from either
site-level measurements of physicochemical
stream attributes (such as those commonly collected by large-scale habitat monitoring programs) or surrogates thereof derived from
remotely sensed data sources provide an efﬁcient
means to describe spatial variation in GPP at the
watershed scale. The ability to measure or predict spatial variation in GPP can provide context
for numerous ecological investigations and provides a cost-effective means to integrate food

DISCUSSION
Across the MFJD River and Murderers Creek,
GPP during mid-summer varied by greater than
two orders of magnitude, ranging from relatively
unproductive reaches (~0.01–3.6 g O2m 2d 1)
characteristic of cool, well-shaded streams to
moderately productive open-canopy systems
(~2.0–3.6 g O2m 2d 1; Mulholland et al. 2001,
❖ www.esajournals.org
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Fig. 5. Linear regression of the average proportion
of maximum consumption (Pval) achieved by
O. mykiss at monitoring sites during summer–fall 2013
against gross primary production (GPP).

Fig. 4. Linear regression of salmonid density estimates for summer and fall 2013 and gross primary production (GPP) at tributary (black lines and symbols) or
mainstem reaches (gray lines and symbols) throughout
the MFJD and Murderers Creek watersheds.
Fig. 6. Linear regression of salmonid density estimated with snorkeling during summer 2013 and gross
primary production (GPP) predicted using a network
predictive throughout the MFJD watershed.

web considerations into habitat restoration and
ﬁsheries management (e.g., Naiman et al. 2012).

Modeling gross primary production
identiﬁes solar inputs and water temperature as
dominant controls on GPP (e.g., Mulholland et al.
2001, Bernot et al. 2010, Grifﬁths et al. 2013). Most
studies evaluating factors inﬂuencing GPP measure

Our multiple regression results indicating the
importance of solar irradiance and water temperature as drivers of spatial variation in GPP corroborate a now extensive body of literature that
❖ www.esajournals.org
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models of ﬁsh-habitat attributes to predict attributes of ﬁsh populations (Barquın et al. 2015,
Wheaton et al. 2018). For example, network
models developed for water temperature have
greatly assisted efforts to model the effects of
climate change (e.g., Isaak et al. 2015, AlChokhachy et al. 2016) and understand spatially
structured ﬁsh habitat (Dauwalter et al. 2015).
The development of network models for GPP
is a novel enterprise, with currently no published
examples in the literature to our knowledge.
Although the use of proxies for factors determining reach-scale rates of GPP derived from remotely sensed data produced predictive models that
were slightly inferior to those based on site-level
measurements of solar exposure, water temperature, and conductivity, these coarse proxies are
needed to facilitate painting the network-scale
picture of GPP. Our results suggest that simple
models representing a few primary drivers of
GPP may be sufﬁcient to describe the extent of
spatial variation in stream productivity. Further,
the correlation between network predictions of
GPP and ﬁsh density estimates collected as part
of a large-scale snorkeling survey in the MFJD
indicates that network models describing spatial
variation in stream productivity may be a powerful tool for understanding factors determining
the distribution and abundance of ﬁsh throughout river networks. However, one drawback to
using remotely sensed data as inputs for empirical models is that much of the data are available
at coarse resolutions and may not accurately represent local conditions at scales that are most
meaningful to ﬁsh. For example, the LANDFIRE
vegetation height data, used to account for
potential reductions in solar radiation owing to
vegetative shading, have a 30 m resolution, a
coarseness that might exceed the width of riparian areas at some of our sites. Thus, although
geospatial layers facilitate extrapolation to the
network scale, drawing on coarsely resolved GIS
data sets may require that tradeoffs in precision
are made.
While we demonstrate the utility of an empirical modeling approach to developing network
models for GPP, mechanistic models of GPP (e.g.,
Bellmore et al. 2017) are able to account for timeseries data on stream metabolism and provide a
means to evaluate hypotheses about resource
limitation, interactions among factors controlling

solar irradiance, most frequently photosynthetically
active radiation (PAR; e.g., Roberts et al. 2007,
Beaulieu et al. 2013). However, we demonstrate
that estimates of solar exposure (a measure that
accounts for topographic and vegetative shading as
well as geospatial position) and even canopy cover
(e.g., Bunn et al. 1999, Mosisch et al. 2001) may be
sufﬁcient to describe variability in the amount of
light reaching stream substrates in a watershedscale application such as ours. This provides a lowcost alternative to expensive radiation sensors if
GPP is to be estimated in many locations simultaneously. In contrast to recent regional comparisons
of factors controlling GPP that identify nutrient
concentrations (N and P) as potentially important
factors inﬂuencing GPP (Lamberti and Steinman
1997, Mulholland et al. 2001, Bernot et al. 2010),
we observed no signiﬁcant relationship between
either alkalinity or conductivity, proxies for nutrient
concentration, and GPP. The underlying geology
across which survey sites were distributed in the
MFJD and Murderers Creek was relatively homogeneous, potentially yielding minor differences in
nutrient concentrations across the survey sites.
Alternatively, although ﬁsh populations have been
shown to correlate with both alkalinity and conductivity (e.g., Kwak and Waters 1997), these measures may be poor surrogates for the nutrients
most important to GPP. Ultimately, the importance
of obtaining precise measurements of nutrient concentrations at survey sites likely increases as sites
are distributed more widely and are distributed
across more heterogeneous geology.
An important contribution of our research is
that surrogates for solar input, water temperature, and conductivity derived from remotely
sensed data were nearly as useful in predicting
GPP as the site-level measurements themselves.
Although the best performing multiple regression model to predict GPP from remotely sensed
data tended to underpredict GPP at sites where
GPP was measured, it accounted for nearly half
of the variation in observed GPP. Since Fausch
et al. (2002) encouraged ﬁsheries professionals to
develop an understanding of how ﬁsh populations interact with aquatic habitat throughout the
riverscape, researchers have developed network
models for water temperature (e.g., McNyset
et al. 2015, Isaak et al. 2017) and physical habitat
structure (e.g., Beechie and Imaki 2014, O’Brien
et al. 2017), as well as integrating network
❖ www.esajournals.org

14

March 2018

❖ Volume 9(3) ❖ Article e02131

SAUNDERS ET AL.

importance of primary production in controlling
food-web structure in aquatic systems (e.g., Forrester et al. 1999, Bunn et al. 2003, Parker and
Huryn 2013), while others have pointed out that
spatial heterogeneity in the controls of food-web
structure is driven by heterogeneity in both terrestrial and aquatic landscapes (e.g., Polis et al.
1997, Thompson and Townsend 2005). Network
models of GPP, and models predicting GPP over
large spatial extents more generally (e.g., Runımova and Storch 2017), proning et al. 2004, S
vide a basis for testing theories on the inﬂuence
of primary production on food-web structure and
species abundance at the landscape/riverscape
scale. Furthermore, spatially continuous predictions of GPP will help identify river reaches that
are likely to subsidize riparian consumers via secondary production (i.e., emerging aquatic insects;
Jackson and Fisher 1986, Nakano and Murakami
2001, Epanchin et al. 2010). Owing to the consistency with which light, water temperature, and
nutrients are identiﬁed as factors controlling GPP
in rivers and the relative simplicity of the modeling framework we outlined (in terms of both
model construction and calibration), we believe
that our approach provides a template for
describing spatial variation in productivity across
a wide variety of river networks.

GPP, and the effects of habitat restoration on productivity. Such models may also better inform
our understanding of factors controlling GPP
that vary temporally (e.g., marine-derived nutrients from spawning salmon; Benjamin et al.
2016) and improve empirical attempts to continuously model GPP across riverine networks.
However, owing to their more complex nature,
these models require greater amounts of data
both for parameter estimation and for model
operation, and as a result are often limited in
terms of the number of unique spatial locations
for which they can be parameterized. These limitations make continuous interpolation of model
results more difﬁcult. Another alternative to the
approach we outline here is that with the increasing prevalence of low-cost, accurate DO loggers,
spatial stream network models (SSN; Isaak et al.
2014) may become more feasible for modeling
GPP across riverine networks. Spatial stream network models of GPP could model the effect of
factors controlling rates of GPP (e.g., light, nutrients, water temperature) such as in the present
study, but would also account for any additional
spatial autocorrelation among survey locations
and thus may improve interpolation of model
results. However, potential drawbacks to the
SSN approach are that (1) larger, spatially distributed data sets are necessary for detecting
underlying autocorrelation structures and (2) the
potential for making model predictions outside
of the original study frame is limited owing to a
lack of information on spatial structure in new
networks. Depending on the study goal, the multiple regression framework that we present here,
while simple, may be sufﬁcient to reliably identify regions of relatively high productivity within
a watershed, perhaps even beyond our calibration. Furthermore, even in cases where more
mechanistic food-web modeling approaches will
be pursued, our approach provides a means for
broadly characterizing a key response variable
(i.e., GPP) to facilitate effective study design.
A number of ecologists have highlighted the
need to develop a more complete understanding
of how food webs are spatially structured across
watersheds (Wipﬂi and Baxter 2010, McGarvey
and Johnston 2011), as well as integrate this
information into management and restoration
efforts (Naiman et al. 2012, Wurtsbaugh et al.
2015). Numerous studies have documented the
❖ www.esajournals.org

GPP–Fish relationships
Beyond presenting a basis for quantifying GPP
for an entire river network, our work also demonstrates tight coupling between primary production and salmonid abundance. In fact, GPP as a
single variable predictor performed relatively well
compared to many multivariate empirical models
describing ﬁsh abundance (Fausch et al. 1988).
Greater densities of juvenile salmonids were
observed at river reaches with relatively high
rates of GPP and may have resulted from
increased secondary production of aquatic invertebrates at these sites, a primary prey resource for
drift-foraging salmonids (e.g., Kiffney et al. 2014).
Indeed, researchers have demonstrated positive
relationships between GPP and invertebrate densities or production (e.g., Fisher and Gray 1983,
Hall et al. 2010, Finlay 2011, Jardine et al. 2012)
and between invertebrate and ﬁsh densities (e.g.,
Weber et al. 2014) demonstrating the intermediate
linkage between GPP and ﬁsh populations in
river ecosystems. Furthermore, previous studies
15
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autochthonous resources for structuring river
food webs remain elusive.
The strong correlations observed between estimates of GPP and densities of juvenile salmonids
suggest that when/where the rate of primary production is high, greater densities of juvenile salmonids can be supported through the duration
of summer, within a reasonable temperature
range (e.g., Tait et al. 1994). Indeed, data on salmonid growth between July and October at sites
where estimates of GPP were high suggest that
juvenile salmonids were less food-limited, evident from consistently higher estimates of Pval
from bioenergetics modeling. However, in addition to the observed relationship between GPP
and juvenile salmonid distributions, ﬁsh in the
MFJD also responded to extreme water temperatures. During an eight-day period beginning 1
July 2013, maximum water temperature
exceeded 25°C in portions of the mainstem MFJD
and large numbers of juvenile salmonids, particularly Chinook salmon, migrated into the lower
extent of two tributaries where maximum water
temperatures were, on average, three degrees
lower during this time period. Although we
removed the two sites where we observed behavioral thermal regulation by ﬁsh, they highlight
the fact that ﬁsh distributions across the landscape are often inﬂuenced by numerous factors
simultaneously (e.g., White et al. 2014). Therefore, in order to explain spatial variation in ﬁsh
densities, ﬁsheries professionals need to make
continuous predictions of both the physical
aspects of ﬁsh-habitat and food-web attributes.
Although the approach outlined here provides
a partial picture of the prey resources available
to support riverine ﬁsh (i.e., neither detrital pathways nor terrestrial invertebrate subsidies were
accounted for), we found that salmonid densities
were closely correlated with estimates of GPP,
even in a watershed where terrestrials contribute
a signiﬁcant proportion to the diets of juvenile
salmonids (Weber et al. 2014). A primary goal of
this research was to test whether relatively simple modeling approaches using the type of data
that are routinely gathered by habitat monitoring
programs (e.g., Columbia Habitat Monitoring
Program, USFS Pacﬁsh/Inﬁsh Biological Opinion
Monitoring Program) can be used to predict GPP
across river networks. Using this approach, we
were able to identify portions of the MFJD

within the John Day watershed have demonstrated signiﬁcant relationships between solar
exposure, riparian vegetation, and densities of
aquatic invertebrates (Li et al. 1994, Tait et al.
1994). However, these studies failed to ﬁnd a signiﬁcant relationship between this prey resource
and salmonid densities, potentially owing to limited sample size (n = 5–7 study reaches) and distribution of sampling effort or additional factors
(e.g., water temperatures) being the primary factor limiting salmonid pupations.
While relationships between GPP and ﬁsh
populations have been demonstrated for many
lentic systems (e.g., Downing et al. 1990, Stockner and MacIsaac 1996), there have been relatively few studies evaluating the role of primary
production and supporting ﬁsh populations in
lotic systems (Wurtsbaugh et al. 2015). Bilby and
Bisson (1992) observed higher ﬁsh densities in
stream reaches traversing clearcuts, where GPP
was greater, than in stream reaches with adjacent
old-growth forest. Jardine et al. (2012) also
observed a strong relationship between aquatic
primary production and the proportion of
energy ﬁsh derived from aquatic resources in rivers with limited ﬂoodplain connectivity. In addition to autochthonous production, terrestrial
subsidies to aquatic systems in the form of leaf
litter (Wallace et al. 1997) and terrestrial invertebrates (Nakano et al. 1999, Baxter et al. 2004, see
Baxter et al. 2005 for a review) play important
roles in structuring stream food webs. These
allochthonous sources of energy to river food
webs tend to be greatest for smaller channels,
with high edge:perimeter ratios (see Baxter et al.
2005 for a review), and have the strongest inﬂuences on consumers in recipient habitats where
productivity in the donor habitats greatly
exceeds that of the recipient habitat (Polis et al.
1997, Nakano and Murakami 2001). However, in
rivers with high rates of GPP, such as arid and
semi-arid systems with limited canopy coverage
(Lamberti and Steinman 1997), one might expect
relatively strong linkages between autochthonous production and juvenile salmonids (e.g.,
Wilson et al. 2014), such as those observed in the
present study. To date, there have been few comprehensive efforts to describe these two sources
of energy for riverine food webs simultaneously
(but see Bellmore et al. 2017), and thus, broad
generalizations of the role of allochthonous vs.
❖ www.esajournals.org
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watershed characterized by relatively high rates
of GPP. Managers could use this type of information to prioritize restoration of physical habitat to
occur in these more productive reaches to ensure
that ﬁsh have the necessary prey resources available to take advantage of restoration actions, or
to determine whether the productive capacity of
habitats would even support more than what is
currently there (see Naiman et al. 2012).

prey link streams and riparian zones. Freshwater
Biology 50:201–220.
Beaulieu, J. J., C. P. Arango, D. A. Balz, and W. D.
Shuster. 2013. Continuous monitoring reveals multiple controls on ecosystem metabolism in a suburban stream. Freshwater Biology 58:918–937.
Beechie, T., and H. Imaki. 2014. Predicting natural
channel patterns based on landscape and geomorphic controls in the Columbia River basin, USA.
Water Resources Research 50:39–57.
Bellmore, J. R., J. R. Benjamin, M. Newsom, J. A. Bountry, and D. Dombroski. 2017. Incorporating food
web dynamics into ecological restoration: a modeling approach for river ecosystems. Ecological
Applications 27:814–832.
Benjamin, J. R., J. R. Bellmore, and G. A. Watson. 2016.
Response of ecosystem metabolism to low densities of spawning Chinook Salmon. Freshwater
Science 35:810–825.
Bennett, S., G. Pess, N. Bouwes, P. Roni, R. Bilby, S.
Gallagher, J. Ruzycki, T. Buehrens, K. Krueger, and
W. Ehinger. 2016. Progress and challenges of testing the effectiveness of stream restoration in the
Paciﬁc Northwest using intensively monitored
watersheds. Fisheries 41:92–103.
Bernot, M. J., D. J. Sobota, R. O. Hall, P. J. Mulholland,
W. K. Dodds, J. R. Webster, J. L. Tank, L. R. Ashkenas, L. W. Cooper, and C. N. Dahm. 2010. Interregional comparison of land-use effects on stream
metabolism. Freshwater Biology 55:1874–1890.
Biggs, B. J., and G. M. Price. 1987. A survey of ﬁlamentous algal proliferations in New Zealand Rivers.
New Zealand Journal of Marine and Freshwater
Research 21:175–191.
Bilby, R. E. 1984. Characteristics and frequency of coolwater areas in a western Washington stream. Journal of Freshwater Ecology 2:593–602.
Bilby, R. E., and P. A. Bisson. 1992. Allochthonous versus autochthonous organic matter contributions to
the trophic support of ﬁsh populations in clear-cut
and old-growth forested streams. Canadian Journal of Fisheries and Aquatic Sciences 49:540–551.
Blanchard, M. R. 2015. Using Network Models to Predict Steelhead Abundance, Middle Fork John Day,
OR. Thesis. Utah State University, Logan, Utah,
USA.
Borer, E., E. Seabloom, J. Shurin, K. Anderson, C.
Blanchette, B. Broitman, S. Cooper, and B. Halpern.
2005. What determines the strength of a trophic
cascade? Ecology 86:528–537.
Bouwes, N., J. Moberg, N. Weber, B. Bouwes, C. Beasley, S. Bennett, A. Hill, C. Jordan, R. Miller, and P.
Nelle. 2011. Scientiﬁc protocol for salmonid habitat
surveys within the Columbia Habitat Monitoring
Program. Prepared by the Integrated Status and

ACKNOWLEDGMENTS
Nick Weber, Jordan Burningham, and Konrad
Hafen provided assistance in the ﬁeld and with processing remote sensing data. Kris McNyset provided
network predictions of water temperature. Monica
Blanchard provided data on juvenile salmonid densities from extensive snorkeling throughout the MFJD.
John Selker and James Wagner provided atmospheric
data for the MFJD. Michelle Baker, Joe Wheaton, and
Joe Benjamin provided assistance with study design
and concept development. Funding for this research
was provided by the Bonneville Power Administration
(BPA) as part of Integrated Status and Effectiveness
Monitoring Program (ISEMP: BPA Project No. 2003017) and subcontracts from Eco Logical Research to
Utah State University (USU Award: A33871).

LITERATURE CITED
Al-Chokhachy, R., D. A. Schmetterling, C. Clancy, P.
Saffel, R. P. Kovach, L. G. Nyce, B. Liermann, W. A.
Fredenberg, and R. Pierce. 2016. Are brown trout
replacing or displacing bull trout populations in a
changing climate? Canadian Journal of Fisheries
and Aquatic Sciences 73:1395–1404.
Atkinson, B. L., M. R. Grace, B. T. Hart, and K. E. Vanderkruk. 2008. Sediment instability affects the rate
and location of primary production and respiration
in a sand-bed stream. Journal of the North American Benthological Society 27:581–592.
Barquın, J., L. E. Benda, F. Villa, L. E. Brown, N. Bonada, D. R. Vieites, T. J. Battin, J. D. Olden, S. J.
Hughes, and C. Gray. 2015. Coupling virtual
watersheds with ecosystem services assessment: a
21st century platform to support river research and
management. Wiley Interdisciplinary Reviews:
Water 2:609–621.
Baxter, C. V., K. D. Fausch, M. Murakami, and P. L.
Chapman. 2004. Fish invasion restructures stream
and forest food webs by interrupting reciprocal
prey subsidies. Ecology 85:2656–2663.
Baxter, C. V., K. D. Fausch, and W. C. Saunders. 2005.
Tangled webs: Reciprocal ﬂows of invertebrate

❖ www.esajournals.org

17

March 2018

❖ Volume 9(3) ❖ Article e02131

SAUNDERS ET AL.
Dauwalter, D. C., K. A. Fesenmyer, and R. Bjork. 2015.
Using aerial imagery to characterize Redband
Trout habitat in a remote desert landscape. Transactions of the American Fisheries Society 144:1322–
1339.
Demars, B. O., J. Russell Manson, J. S. Olafsson, G. M.
Gislason, R. Gudmundsdottır, G. Woodward, J.
Reiss, D. E. Pichler, J. J. Rasmussen, and N. Friberg.
2011. Temperature and the metabolic balance of
streams. Freshwater Biology 56:1106–1121.
Demars, B. O., J. Thompson, and J. R. Manson. 2015.
Stream metabolism and the open diel oxygen
method: principles, practice, and perspectives.
Limnology and Oceanography: Methods 13:356–
374.
Dixon, P. 1993. The bootstrap and the jackknife:
describing the precision of ecological indices. Pages
267–288 in S. M. Scheiner and J. Gurevitch, editors.
Design and analysis of ecological experiments.
Oxford University Press, New York, New York,
USA.
Dodson, S. I., S. E. Arnott, and K. L. Cottingham. 2000.
The relationship in lake communities between primary productivity and species richness. Ecology
81:2662–2679.
Downing, J. A., C. Plante, and S. Lalonde. 1990. Fish
production correlated with primary productivity,
not the morphoedaphic index. Canadian Journal of
Fisheries and Aquatic Sciences 47:1929–1936.
Epanchin, P. N., R. A. Knapp, and S. P. Lawler. 2010.
Nonnative trout impact an alpine-nesting bird by
altering aquatic-insect subsidies. Ecology 91:2406–
2415.
ESRI. 2012. ArcGIS 10.1. ESRI, Redlands, California,
USA.
Fausch, K. D., C. L. Hawkes, and M. G. Parsons. 1988.
Models that predict standing crop of stream ﬁsh
from habitat variables: 1950–85. Gen. Tech. Rep.
PNW-GTR-213. USDA Forest Service, Paciﬁc
Northwest Research Station, Portland, Oregon,
USA.
Fausch, K. D., C. E. Torgersen, C. V. Baxter, and H. W.
Li. 2002. Landscapes to riverscapes: bridging the
gap between research and conservation of stream
ﬁshes. BioScience 52:483–498.
Finlay, J. C. 2011. Stream size and human inﬂuences on
ecosystem production in river networks. Ecosphere
2:1–21.
Finlay, J. C., and C. Kendall. 2007. Stable isotope tracing of temporal and spatial variability in organic
matter sources to freshwater ecosystems. Pages
283–333 in R. Michener and K. Lajtha, editors.
Stable isotopes in ecology and environmental
science. Second edition. Blackwell Publishing, Malden, Massachusetts, USA.

Effectiveness Monitoring Program and published
by Terraqua, Wauconda, Washington, USA. Available:
http://www.pnamp.org/sites/default/files/CHaMP
HabitatProtocol_20110125_0.pdf
Brierley, G. J., and K. A. Fryirs. 2005. Geomorphology
and river management: applications of the river
styles framework. Blackwell Publishing, Carlton,
Victoria, Australia.
n-Cervia, G. G. FernanBudy, P., G. P. Thiede, J. Lobo
dez, P. McHugh, A. McIntosh, L. A. Vøllestad, E.
Becares, and P. Jellyman. 2013. Limitation and facilitation of one of the world’s most invasive ﬁsh: an
intercontinental comparison. Ecology 94:356–367.
Bunn, S., P. Davies, and T. Mosisch. 1999. Ecosystem
measures of river health and their response to
riparian and catchment degradation. Freshwater
Biology 41:333–345.
Bunn, S. E., P. M. Davies, and M. Winning. 2003.
Sources of organic carbon supporting the food web
of an arid zone ﬂoodplain river. Freshwater Biology 48:619–635.
Burnham, K. P., and D. R. Anderson. 2002. Model
selection and multimodel inference: a practical
information-theoretic approach. Second edition.
Springer-Verlag, New York, New York, USA.
Carmichael, R., G. Claire, S. Seals, S. Onjukka, J. R.
Ruzycki, and W. Wilson. 2001. John Day basin
spring Chinook salmon escapement and productivity monitoring. Bonneville Power Administration,
U.S. Department of Energy, Portland, Oregon,
USA.
CHaMP (Columbia Habitat Monitoring Program).
2013. Scientiﬁc protocol for salmonid habitat surveys within the Columbia Habitat Monitoring Program, Prepared by the Integrated Status and
Effectiveness Monitoring Program and published
by Terraqua, Wauconda, Washington, USA.
Chapman, D. G. 1951. Some properties of the hypergeometric distribution with applications to zoological
sample censuses. University of California Press,
Berkeley, California, USA.
Collins, S. F., A. M. Marcarelli, C. V. Baxter, and M. S.
Wipﬂi. 2015. A critical assessment of the ecological
assumptions underpinning compensatory mitigation of salmon-derived nutrients. Environmental
Management 56:571–586.
Cramer, S. P., and N. K. Ackerman. 2009a. Linking
stream carrying capacity for salmonids to habitat
features. American Fisheries Society Symposium
71:225–254.
Cramer, S. P., and N. K. Ackerman. 2009b. Prediction
of stream carrying capacity for steelhead (Oncorhynchus mykiss): the unit characteristic method.
American Fisheries Society, Series: Symposium
71:255–288.

❖ www.esajournals.org

18

March 2018

❖ Volume 9(3) ❖ Article e02131

SAUNDERS ET AL.
Transactions of the American Fisheries Society
137:216–223.
Isaak, D. J., E. E. Peterson, J. M. Ver Hoef, S. J. Wenger,
J. A. Falke, C. E. Torgersen, C. Sowder, E. A. Steel,
M. J. Fortin, and C. E. Jordan. 2014. Applications of
spatial statistical network models to stream data.
Wiley Interdisciplinary Reviews: Water 1:277–294.
Isaak, D. J., M. K. Young, D. E. Nagel, D. L. Horan,
and M. C. Groce. 2015. The cold-water climate
shield: delineating refugia for preserving salmonid
ﬁshes through the 21st century. Global Change
Biology 21:2540–2553.
Isaak, D. J., et al. 2017. The NorWeST summer stream
temperature model and scenarios for the western
U.S.: A crowd-sourced database and new geospatial tools foster a user community and predict
broad climate warming of rivers and streams.
Water Resources Research 53:9181–9205.
Jackson, J. K., and S. G. Fisher. 1986. Secondary production, emergence, and export of aquatic insects
of a Sonoran Desert stream. Ecology 67:629–638.
Jacoby, J. M., D. D. Bouchard, and C. R. Patmont. 1991.
Response of periphyton to nutrient enrichment in
Lake Chelan, WA. Lake and Reservoir Management 7:33–43.
Jardine, T. D., K. A. Kidd, and J. B. Rasmussen. 2012.
Aquatic and terrestrial organic matter in the diet of
stream consumers: implications for mercury bioaccumulation. Ecological Applications 22:843–855.
Jensen, A., and B. Johnsen. 1999. The functional relationship between peak spring ﬂoods and survival
and growth of juvenile Atlantic salmon (Salmo
salar) and brown trout (Salmo trutta). Functional
Ecology 13:778–785.
Kery, M. 2010. Introduction to WinBUGS for ecologists: a Bayesian approach to regression, ANOVA,
mixed models and related analyses. Academic
Press, San Diego, California, USA.
Kiffney, P. M., E. Buhle, S. M. Naman, G. Pess, and R.
Klett. 2014. Linking resource availability and habitat structure to stream organisms: an experimental
and observational assessment. Ecosphere 5:1–27.
Kwak, T. J., and T. F. Waters. 1997. Trout production
dynamics and water quality in Minnesota streams.
Transactions of the American Fisheries Society
126:35–48.
Lamberti, G. A., and A. D. Steinman. 1997. A comparison of primary production in stream ecosystems.
Journal of the North American Benthological Society 16:95–104.
Li, H. W., G. A. Lamberti, T. N. Pearsons, C. K. Tait, J. L.
Li, and J. C. Buckhouse. 1994. Cumulative effects of
riparian disturbances along high desert trout
streams of the John Day Basin, Oregon. Transactions
of the American Fisheries Society 123:627–640.

Fisher, S. G., and L. J. Gray. 1983. Secondary production and organic matter processing by collector
macroinvetebrates in a desert stream. Ecology
64:1217–1224.
Forrester, G. E., T. L. Dudley, and N. B. Grimm. 1999.
Trophic interactions in open systems: effects of
predators and nutrients on stream food chains.
Limnology and Oceanography 44:1187–1197.
From, J., and G. Rasmussen. 1984. A growth model,
gastric evacuation, and body composition in rainbow trout, Salmo gairdneri Richardson, 1836. Dana
3:139.
Fu, P., and P. M. Rich. 2002. A geometric solar radiation model with applications in agriculture and forestry. Computers and Electronics in Agriculture
37:25–35.
Grace, M. R., D. P. Giling, S. Hladyz, V. Caron, R. M.
Thompson, and R. Mac Nally. 2015. Fast processing
of diel oxygen curves: estimating stream metabolism with BASE (Bayesian single-station estimation). Limnology and Oceanography: Methods
13:103–114.
Grace, M. R., and S. J. Imberger. 2006. Stream metabolism: performing & interpreting measurements.
Water Studies Centre Monash University, Melbourne, Victoria, Australia.
Graham, M. H., and P. K. Dayton. 2002. On the evolution of ecological ideas: paradigms and scientiﬁc
progress. Ecology 83:1481–1489.
Grifﬁths, N. A., J. L. Tank, T. V. Royer, S. S. Roley, E. J.
Rosi-Marshall, M. R. Whiles, J. J. Beaulieu, and L.
T. Johnson. 2013. Agricultural land use alters the
seasonality and magnitude of stream metabolism.
Limnology and Oceanography 58:1513–1529.
Guegan, J.-F., S. Lek, and T. Oberdorff. 1998. Energy
availability and habitat heterogeneity predict global riverine ﬁsh diversity. Nature 391:382–384.
Hall, R. O., T. A. Kennedy, E. J. Rosi-Marshall, W. F.
Cross, H. A. Wellard, and C. V. Baxter. 2010. Aquatic production and carbon ﬂow in the Colorado
River. Pages 105–112 in T. S. Melis, J. F. Hamill, L.
G. Coggins, P. E. Grams, T. A. Kennedy, D. M.
Kubly, and B. E. Ralston, editors. Proceedings of
the Colorado River Basin Science and Resource
Management Symposium, November 18–20, 2008,
Scottsdale, Arizona. U.S. Geological Survey Scientiﬁc Investigations Report 2010–5135.
Hansen, M. J., D. Boisclair, S. B. Brandt, S. W. Hewett,
J. F. Kitchell, M. C. Lucas, and J. J. Ney. 1993.
Applications of bioenergetics models to ﬁsh ecology and management: Where do we go from here?
Transactions of the American Fisheries Society
122:1019–1030.
Hartman, K. J., and J. F. Kitchell. 2008. Bioenergetics
modeling: progress since the 1992 symposium.

❖ www.esajournals.org

19

March 2018

❖ Volume 9(3) ❖ Article e02131

SAUNDERS ET AL.
O’Brien, G., J. M. Wheaton, K. A. Fryirs, G. J. Brierley,
N. Bouwes, P. McHugh, and C. E. Jordan. 2017. A
geomorphic assessment to inform strategic stream
restoration planning in the Middle Fork John Day
Watershed, Oregon, USA. Journal of Maps 13:369–
381.
Olson, J. R., and C. P. Hawkins. 2012. Predicting natural base-ﬂow stream water chemistry in the western United States. Water Resources Research 48:
W02504.
O’Neal, J. S. 2007. Snorkel surveys. Page 478 in D. H.
Johnson, B. M. Shrier, J. S. O’Neal, J. A. Knutzen, X.
Augerot, T. A. O’Neil, and T. N. Pearsons, editors.
Salmonid ﬁeld protocols handbook: techniques for
assessing status and trends in salmon and trout
populations. American Fisheries Society, Bethesda,
Maryland, USA.
Parker, S. M., and A. D. Huryn. 2013. Disturbance and
productivity as codeterminants of stream food web
complexity in the Arctic. Limnology and Oceanography 58:2158–2170.
Polis, G. A., W. B. Anderson, and R. D. Holt. 1997.
Toward an integration of landscape and food web
ecology: the dynamics of spatially subsidized food
webs. Annual Review of Ecology and Systematics
28:289–316.
Power, M. E., W. E. Dietrich, and J. C. Finlay. 1996.
Dams and downstream aquatic biodiversity:
potential food web consequences of hydrologic
and geomorphic change. Environmental Management 20:887–895.
Quinn, T. P. 2011. The behavior and ecology of Paciﬁc
salmon and trout. UBC Press, Vancouver, British
Columbia, Canada.
Rand, P. S., D. J. Stewart, P. W. Seelbach, M. L. Jones,
and L. R. Wedge. 1993. Modeling steelhead population energetics in Lakes Michigan and Ontario.
Transactions of the American Fisheries Society
122:977–1001.
Rich, P., R. Dubayah, W. Hetrick, and S. Saving. 1994.
Using viewshed models to calculate intercepted
solar radiation: applications in ecology. American
Society for Photogrammetry and Remote Sensing
Technical Papers. Pages 524–529.
Roberts, B. J., P. J. Mulholland, and W. R. Hill. 2007.
Multiple scales of temporal variability in ecosystem
metabolism rates: results from 2 years of continuous monitoring in a forested headwater stream.
Ecosystems 10:588–606.
Roni, P., T. Beechie, G. Pess, and K. Hanson. 2014.
Wood placement in river restoration: fact, ﬁction,
and future direction. Canadian Journal of Fisheries
and Aquatic Sciences 72:466–478.
Rosenfeld, J. 2003. Assessing the habitat requirements
of stream ﬁshes: an overview and evaluation of

Marcarelli, A. M., C. V. Baxter, M. M. Mineau, and R. O.
Hall. 2011. Quantity and quality: unifying food web
and ecosystem perspectives on the role of resource
subsidies in freshwaters. Ecology 92:1215–1225.
McGarvey, D. J., and J. M. Johnston. 2011. A simple
method to predict regional ﬁsh abundance: an
example in the McKenzie River Basin, Oregon.
Fisheries 36:534–546.
McMillan, J. R., J. B. Dunham, G. H. Reeves, J. S. Mills,
and C. E. Jordan. 2012. Individual condition and
stream temperature inﬂuence early maturation of
rainbow and steelhead trout, Oncorhynchus mykiss.
Environmental Biology of Fishes 93:343–355.
McNyset, K. M., C. J. Volk, and C. E. Jordan. 2015.
Developing an effective model for predicting spatially and temporally continuous stream temperatures from remotely sensed land surface
temperatures. Water 7:6827–6846.
McTammany, M., E. Benﬁeld, and J. Webster. 2007.
Recovery of stream ecosystem metabolism from
historical agriculture. Journal of the North American Benthological Society 26:532–545.
Minns, C. K., R. G. Randall, K. E. Smokorowski, K. D.
Clarke, A. Velez-Espino, R. S. Gregory, S. Courtenay, and P. LeBlanc. 2011. Direct and indirect estimates of the productive capacity of ﬁsh habitat
under Canada’s Policy for the Management of Fish
Habitat: Where have we been, where are we now,
and where are we going? Canadian Journal of Fisheries and Aquatic Sciences 68:2204–2227.
Mosisch, T. D., S. E. Bunn, and P. M. Davies. 2001. The
relative importance of shading and nutrients on
algal production in subtropical streams. Freshwater Biology 46:1269–1278.
Mulholland, P., C. S. Fellows, J. Tank, N. Grimm, J.
Webster, S. Hamilton, E. Martı, L. Ashkenas, W.
Bowden, and W. Dodds. 2001. Interbiome comparison of factors controlling stream metabolism.
Freshwater Biology 46:1503–1517.
Myrick, C. 1998. Temperature, genetic, and ration
effects on juvenile rainbow trout (Oncorhynchus
mykiss) bioenergetics. Dissertation. University of
California, Davis, California, USA.
Naiman, R. J., et al. 2012. Developing a broader scientiﬁc foundation for river restoration: Columbia
River food webs. Proceedings of the National
Academy of Sciences 109:2120–21207.
Nakano, S., H. Miyasaka, and N. Kuhara. 1999. Terrestrial-aquatic linkages: Riparian arthropod inputs
alter trophic cascades in a stream food web. Ecology 80:2435–2441.
Nakano, S., and M. Murakami. 2001. Reciprocal subsidies: dynamic interdependence between terrestrial
and aquatic food webs. Proceedings of the
National Academy of Sciences USA 98:166–170.

❖ www.esajournals.org

20

March 2018

❖ Volume 9(3) ❖ Article e02131

SAUNDERS ET AL.
rainbow trout for instream ﬂow assessment: model
description and calibration. Ecological Modelling
110:175–207.
Vannote, R. L., G. W. Minshall, K. W. Cummins, J. R.
Sedell, and C. E. Cushing. 1980. The river continuum concept. Canadian Journal of Fisheries and
Aquatic Sciences 37:130–137.
Wallace, J. B., S. L. Eggert, J. L. Meyer, and J. R. Webster. 1997. Multiple trophic levels of a forest stream
linked to terrestrial litter inputs. Science 277:102–
104.
Weber, N., N. Bouwes, and C. E. Jordan. 2014. Estimation of salmonid habitat growth potential through
measurements of invertebrate food abundance and
temperature. Canadian Journal of Fisheries and
Aquatic Sciences 71:1158–1170.
Wheaton, J. M., P. McHugh, N. Bouwes, W. C. Saunders, S. Bangen, P. Bailey, M. Nahorniak, C. E. Wall,
and C. E. Jordan. 2018. Upscaling site-scale ecohydraulic models to inform salmonid populationlevel life cycle modelling and restoration actions—
lessons from the Columbia River Basin. Earth Surface Processes and Landforms 43:21–44.
White, S. M., G. Giannico, and H. Li. 2014. A ‘behaviorscape’ perspective on stream ﬁsh ecology and
conservation: linking ﬁsh behavior to riverscapes.
Wiley Interdisciplinary Reviews: Water 1:385–400.
Wilson, M. K., W. H. Lowe, and K. H. Nislow. 2014.
What predicts the use by brook trout (Salvelinus
fontinalis) of terrestrial invertebrate subsidies in
headwater streams? Freshwater Biology 59:187–199.
Winterbourn, M. J., J. Rounick, and B. Cowie. 1981.
Are New Zealand stream ecosystems really different? New Zealand Journal of Marine and Freshwater Research 15:321–328.
Wipﬂi, M. S., and C. V. Baxter. 2010. Linking ecosystems, food webs, and ﬁsh production: subsidies in
salmonid watersheds. Fisheries 35:373–387.
Woodward, G., and A. G. Hildrew. 2002. Food web
structure in riverine landscapes. Freshwater Biology 47:777–798.
Wurtsbaugh, W. A., et al. 2015. Approaches for studying ﬁsh production: Do river and lake researchers
have different perspectives? Canadian Journal of
Fisheries and Aquatic Sciences 72:149–160.

different approaches. Transactions of the American
Fisheries Society 132:953–968.
Running, S. W., R. R. Nemani, F. A. Heinsch, M. Zhao,
M. Reeves, and H. Hashimoto. 2004. A continuous
satellite-derived measure of global terrestrial primary production. BioScience 54:547–560.
Sabo, J. L., J. C. Finlay, T. Kennedy, and D. M. Post.
2010. The role of discharge variation in scaling of
drainage area and food chain length in rivers.
Science 330:965–967.
ımova, I., and D. Storch. 2017. The enigma of terresS
trial primary productivity: measurements, models,
scales and the diversity–productivity relationship.
Ecography 40:239–252.
Stockner, J. G., and E. A. MacIsaac. 1996. British
Columbia lake enrichment programme: two decades of habitat enhancement for sockeye salmon.
Regulated Rivers: Research and Management 12:
547–561.
Strong, D. R. 1992. Are trophic cascades all wet?
Differentiation and donor control in speciose
ecosystems. Ecology 73:747–754.
Sutton, R., and T. Soto. 2012. Juvenile Coho salmon
behavioural characteristics in Klamath River summer thermal refugia. River Research and Applications 28:338–346.
Tait, C. K., J. L. Li, G. A. Lamberti, T. N. Pearsons, and
H. W. Li. 1994. Relationships between riparian
cover and the community structure of high desert
streams. Journal of the North American Benthological Society 13:45–56.
Takimoto, G., and D. M. Post. 2013. Environmental
determinants of food-chain length: a meta-analysis.
Ecological Research 28:675–681.
Tattam, I. A., J. R. Ruzycki, H. W. Li, and G. R. Giannico. 2013. Body size and growth rate inﬂuence emigration timing of Oncorhynchus mykiss. Transactions
of the American Fisheries Society 142:1406–1414.
Thompson, R., and C. Townsend. 2005. Energy availability, spatial heterogeneity and ecosystem size
predict food-web structure in streams. Oikos 108:
137–148.
Van Winkle, W., H. Jager, S. Railsback, B. Holcomb,
T. Studley, and J. Baldrige. 1998. Individual-based
model of sympatric populations of brown and

SUPPORTING INFORMATION
Additional Supporting Information may be found online at: http://onlinelibrary.wiley.com/doi/10.1002/ecs2.
2131/full

❖ www.esajournals.org

21

March 2018

❖ Volume 9(3) ❖ Article e02131

